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Opportunities to improve healthcare delivery in pulmonary, critical care, allergy, and sleep medicine are legion. Too few patients with chronic obstructive pulmonary disease receive smoking cessation counseling, long-acting bronchodilators, or pulmonary rehabilitation; too many receive inhaled corticosteroids. Few with asthma, chronic obstructive pulmonary disease, or sleep apnea receive appropriate diagnostic testing (1-3). Underuse of lowtidal volume ventilation during acute respiratory distress syndrome is ubiquitous (4, 5) . Because of substantial opportunities to improve healthcare delivery, fields of implementation science, improvement science, quality improvement, and others have become increasingly devoted to the study of effective methods for sustainable positive behavior change and process uptake in medicine (6, 7) . Although robust implementation of process change is critically important to driving evidence uptake and quality, such rigorous implementation is rarely accompanied by analytical methods that can test whether changes in process actually led to changes in patient outcomes (8) . In short, routine methods to improve healthcare delivery often lack causal inference, and it can be difficult to know whether such efforts are improving patient care.
An Improvement Evaluation "Problem Case"
Unplanned hospital readmissions have long been a target of quality improvement efforts (9, 10) . Unsurprisingly, our hospital would like to reduce readmissions. Every department and division within the hospital has instituted a "grassroots" project to reduce readmissions. The hospital administration has also started a large-scale transdepartmental readmission reduction program. The hospital administration readmissions reduction program consists of increasingly resource-intensive interventions implemented according to patient risk for readmission. For example, patients at moderate risk for readmission (as determined by a readmission risk score) receive a follow-up call after hospital discharge; patients at high risk of readmission receive the follow-up call as well as pharmacist-guided medication instructions and subspecialty consults in line with their medical conditions (e.g., pulmonology consult for patients admitted with chronic obstructive pulmonary disease [COPD] exacerbation). "Superusers" in the top 5% of risk are also assigned a patient navigator.
The implementation of multiple overlapping programs across different departments seriously complicates analysis of their effectiveness. How can we isolate evaluation of effectiveness of any one readmissions reduction effort (i.e., the hospital administration's program) in the setting of multiple different simultaneous readmission interventions occurring across multiple hospital departments? How can we tease apart the effectiveness of each of the hospital administration's interventions? Because readmission reduction efforts require substantial resources, identifying the readmission reduction approach(es) that work is not merely an academic exercise; rather, confidently identifying effective interventions is necessary to efficiently target resources and reduce spending on unsuccessful interventions. administration readmission reduction program actually works. Individual patient-level randomized controlled trials (RCTs) necessitate infrastructure and consent that often shift studies away from the desired real-world context, and they relegate some patients to "control" groups that do not receive interventions believed to be of benefit. Stepped-wedge or cluster-randomized trials require a large number of implementation sites and complex coordination that is Figure 1 . Conceptual frameworks of randomized controlled trials (RCTs) and regression discontinuity designs (RDDs). (A) RCTs allocate interventions on the basis of random assignment. In this example, patients with a predicted readmission risk of more than 20% are randomized to receive an intervention or no intervention. When effective, the intervention shifts the association between predicted and observed mortality rates relative to the counterfactual, unexposed control group. (B) RDD in implementation and improvement science exploits the use of a threshold rule on a continuous assignment variable (in this example, a readmission risk score greater than X) to assign the intervention to patients. The association between the assignment variable (in this example, predicted readmission risk), and the outcome of interest (observed readmission rate) is then evaluated for a discontinuity at the threshold where the intervention was provided. Unlike RCTs, the counterfactual control group is not directly observed, because the intervention is offered to all eligible patients. However, estimates of counterfactual outcomes with and without the intervention are observed immediately above and below the threshold cutoff value, enabling causal inference at the threshold. With additional assumptions, causal effects can be projected to regions beyond the threshold. Figure 2 . Regression discontinuity (RD) designs can be paired with traditional implementation science approaches, such as evaluation of implementation fidelity (the degree to which implementation is delivered as intended), to increase the value of both approaches. For example, when serial assessments of implementation fidelity (e.g., proportion of eligible patients who are successfully contacted by a patient navigator) are paired with RD analyses of implementation effectiveness, the extent of fidelity to the intervention that achieves local effectiveness (e.g., in the figure, 75%) can be determined and guide resource allocation to subsequent/continued implementation efforts.
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that account for secular trends require long-term baseline data. Last, all of the aforementioned approaches to measuring change can be biased by postimplementation cointerventions (i.e., other department-level readmission reduction interventions). We need to expand the toolbox for evaluation of quality improvement.
Regression Discontinuity Designs to Achieve Causal Inference in Implementation and Improvement Science
Regression discontinuity designs (RDDs) are an underused methodology in healthcare research that can overcome the limitations of traditional improvement science designs (11) . A search of PubMed and the Cochrane Library (performed on May 11, 2017) for the term regression discontinuity yielded only four studies that prospectively applied a healthcare quality improvement intervention using RDD (12) (13) (14) (15) . We believe that RDDs are a tool that should be used more widely because they help answer a key question: Did a program really change outcomes for patients? This is a problem not just of association but also of so-called causal inference. Lack of attention to causal inference in the evaluation of quality improvement efforts may lead to erroneous conclusions about what works and how to improve. RDD originated as an approach to evaluating educational interventions. Observational studies in education, as in medicine, suffer from problems of bias from confounding (also called endogeneity). The first use of RDD attempted to overcome problems inherent in asking the following research question: Does winning an award result in higher performance, or do the types of people who can win awards just do better, regardless of whether they are recognized? Thistlethwaite and Campbell proposed a novel approach to this problem of confounding in observational studies (16) .
They evaluated the effects of a certificate of merit on future career success by leveraging the fact that merit certificates were awarded to all students who scored above a threshold on an aptitude test. The underlying theory was that students scoring just above or just below the award threshold would be similar, effectively randomized by noise in the assessment method used for award selection. Thus, if a "discontinuity" (i.e., change in intercept) existed in the relationship between test scores and the proportion of students reaching career achievements at the award score cutoff, then the quasirandomization induced by the imperfect assessment for the award could provide causal inference for an effect of the award on future aspirations and achievements. Thistlethwaite and Campbell concluded that receipt of an award early during schooling increased the probability of later receipt of scholarships but did not affect other career plans (16) .
At its core, RDD leverages random noise in a continuous variable used to Figure 3 . Example of a plan-do-study-act framework that incorporates regression discontinuity design (RDD) to evaluate both implementation adoption and effectiveness. The boxes outlined in red are steps modified from a traditional plan-do-study-act cycle when RDDs are used to evaluate effectiveness. *Implementation outcomes include adoption, fidelity, cost, penetration, sustainability, evaluated through traditional implementation science methods.
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determine whether patients receive an intervention. Noise inherent in the measurement of the numerical value used to assign someone to an intervention acts similarly to randomization at the threshold used to determine intervention assignment (17) (18) (19) (20) (21) (22) . In the example of Thistlethwaite and Campbell, students just above and just below the award threshold were effectively randomized to receive the award. Because they were otherwise indistinguishable, these groups of students near the threshold could be evaluated for the effects of award receipt on future scholastic achievement. 
with those with CD4 just above the "treatment threshold" of 200 cells per microliter suggested that earlier initiation of antiretroviral treatment reduced HIV mortality, a finding consistent with RCT results (17) . The elegance of RDD as an implementation approach rests in the fact that the process of selecting patients for an intervention using the threshold also imparts the pseudo-randomization that allows for causal inference, as demonstrated in several studies identifying concordant results between RCT and RDD (25, 26) . Figure 1 demonstrates the similar conceptual frameworks underlying RCT and RDD.
Healthcare implementation and improvement sciences offer myriad opportunities to use RDD as a prospective design when assigning "high-risk" patients to new interventions. RDD for quality improvement involves three major steps:
1. Prospectively develop a risk score (27, 28) , select a preexisting score, or use a routinely collected continuous clinical variable (e.g., eosinophil cell count) as the basis for the intervention threshold, and choose a threshold value that selects patients to receive the intervention of interest (17); 2. Work with hospital administrators and clinicians to assign the intervention on the basis of the threshold rule; and 3. Collect data for all patients with a risk score calculated and compare patient outcomes just above and below the intervention threshold.
Unlike randomization or stepped-wedge approaches, initial implementation efforts using RDD can be designed to in step 1 to target patients considered to be at higher risk or to have a greater perceived need for the planned intervention. Such an approach may minimize some of the ethical concerns with RCTs in quality improvement studies and avoid the expense and complexity of the stepped-wedge design. Because step 2 of using RDD in quality improvement necessitates evaluation of the success of intervention assignment at the threshold, traditional "implementation outcomes" (e.g., adoption, fidelity) (8) can also be incorporated into an RDD-based approach to quality improvement. For example, RDD introduces novel approaches to assessing the importance of implementation "fidelity," or the extent to which the intervention is delivered as intended (8) . As shown in Figure 2 , by pairing assessments of intervention fidelity and effectiveness during repeated intervals over time (e.g., every 3 mo), RDD can be used to identify thresholds of implementation fidelity that are needed to achieve local outcome effectiveness. After evaluation of outcomes in step 3, decisions can be made to expand, contract, maintain, or modify the implementation and/ or improvement process, and the evaluation cycle can be repeated. Through these procedures, RDD offers the opportunity to embed rigorous causal inference within implementation-evaluation cycles, enabling data-driven continuous quality improvement. Figure 3 demonstrates how RDD can be integrated within existing strategies for the evaluation of healthcare delivery change, such as "plan-do-studyact" cycles (29) . Table 1 Figure 4 . Theoretical results of a regression discontinuity design (RDD) study seeking to evaluate multiple simultaneous interventions to reduce readmissions implemented at different readmission risk cutoffs. In an RDD study, the continuous assignment score (here, risk of readmissions) is plotted on the x-axis against the outcome of interest (here, readmission rate at each level of readmission risk) on the y-axis. A "discontinuity" in the relationship between the score or continuous measure used to assign the intervention and the outcome at the intervention assignment threshold visually demonstrates the effect of the intervention. In this example, there is a reduction of readmissions with interventions 1 and 3, but not intervention 2. Detailed descriptions of statistical approaches to evaluating effects of the intervention in RDD can be found elsewhere (11, 17, 18, 22, 30, 31) . (11, 17, 18, 22, 30, 31) in studying these and other problems.
Limitations
RDD is not a panacea. First, statistical power for RDD analysis is relatively low compared with traditional RCTs. Because RDD estimates effects for the area near the threshold cutoff, sample sizes may need to be three-to fourfold greater in RDD than in RCT designs to achieve similar statistical power. RDD may therefore be most useful in larger hospital settings. Second, the balance and continuity of covariates near the assignment cutoff must be assessed for adequacy of quasi-randomization. Third, because effects are identified at the threshold, they are not inherently transportable elsewhere in the distribution. That is, just because something works at the implementation threshold does not mean it will work for patients who have a score far from the threshold. Therefore, sensitivity analysis (and cautious interpretation) is required when seeking to learn about treatment effects away from the threshold value. Fourth, mandated intervention assignment at a threshold value in a quality improvement framework may meet ethical challenges similar to randomization. However, a nonbinding intervention threshold within a thoughtfully constructed risk score can attenuate ethical concerns regarding withholding of treatments and can maintain inference when analyzed similarly to an instrumental variable. Finally, features other than effectiveness (what RDD examines) are necessary for a full program evaluation, but they are beyond the scope of this paper (8) .
Conclusions
Improvement science methods that allow investigators to casually link efforts to change healthcare delivery with patient outcomes are required to increase the "quality" of current implementation and improvement approaches. RDD is an underused approach that results in quasirandomization through the act of selecting patients for interventions at a specific threshold of a continuous variable, such as a clinical risk score. RDD can achieve causal inference of effectiveness with internal validity that approaches RCT designs, but without the risks of selection bias and external validity threats that accompany the randomization and consent process, without the need for multiple sites required with stepped-wedge or cluster designs, and without requirements of prior secular trends or sharply demarcated intervention dates required of interrupted time-series or control chart analysis. Regression discontinuity is a valuable study design that can be incorporated into various implementation strategies, such as plando-study-act cycles, to evaluate implementation efforts that seek to provide interventions to patients who are deemed most in need of a healthcare delivery change. n
